A Cautionary Tail: A Framework and Case Study for Testing Predictive
  Model Validity by Casey, Peter C. et al.
A Cautionary Tail
A Framework and Case Study for Testing Predictive Model Validity
Peter C. Casey
e Lab @ DC
Government of the
District of Columbia
1350 Pennsylvania Avenue NW
Washington, D.C. 20004
peter.casey@dc.gov
Kevin H. Wilson
e Lab @ DC
Government of the
District of Columbia
1350 Pennsylvania Avenue NW
Washington, D.C. 20004
kevin.wilson@dc.gov
David Yokum
e Lab @ DC
Government of the
District of Columbia
1350 Pennsylvania Avenue NW
Washington, D.C.
david.yokum@dc.gov
ABSTRACT
Data scientists frequently train predictive models on administra-
tive data. However, the process that generates this data can bias
predictive models, making it important to test models against their
intended use. We provide a eld assessment framework that we
use to validate a model predicting rat infestations in Washington,
D.C. e model was developed with data from the city’s 311 service
request system. Although the model performs well against new
311 data, we nd that it does not perform well when predicting the
outcomes of inspections in our eld assessment. We recommend
that data scientists expand the use of eld assessments to test their
models.
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1 INTRODUCTION
Recently, there has been mounting criticism of the use of predictive
analytics in government actions. Much of this is concerned with the
notion of fairness [2, 8, 13] with a special focus on inequities in data
collection [1, 7, 12, 14]. In particular, this research has shown that
biased misclassications can have negative consequences for his-
torically disadvantaged groups when the outcomes being predicted
vary with protected classes, like race or gender. is research has
typically dealt with criminal justice, education, and employment.
In this paper, we deal with similar issues, but in a whole new area
of government action: nding rats.
It may not be possible to extrapolate from even a well-performing
model trained on administrative data. e process that generates
administrative data is usually designed to ll a specic purpose,
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dierent from the purpose for which the data scientist is using
it. For this reason, it is important to validate predictive models
against their intended use. To do this, we developed a framework
for testing predictive models in the eld and used it to assess the
performance of a model predicting rat infestations in the District
of Columbia.
Aer describing our framework, we present the results of two
validations of a model predicting rat infestations. We trained the
model with data from D.C.’s 311 service request system, which resi-
dents can use to request city services, including rodent abatement.
We validated the model against both newly-received 311 requests
and the results of a eld assessment of 100 inspections. We show
that, while our model performs well when predicting the outcomes
of new 311 requests, it does not predict the outcomes of inspections
well in our eld assessment. We encourage applied data scientists
to expand the use of eld assessments to validate models, especially
for government actions.
2 BACKGROUND
Rats are a persistent health risk. Rats carry a wide range of diseases
that infect humans [6]. Sudden increases in cases of Leptospirosis
following recent hurricanes in Puerto Rico and Dominica high-
light the impact that rats can have on public health [4, 17]. Rats
are especially problematic in urban areas, where large, dense hu-
man populations produce waste and contribute to conditions that
support rat colonies [11].
In D.C., requests for rodent abatement via the city’s 311 system
more than doubled from 2,123 in scal year 2015 to 5,015 in scal
year 2017 (Figure 1). When the city receives a 311 request for
rodent abatement, the city’s rodent control team is deployed to
inspect the location.1 Inspectors generally inspect the entire block
where a request was made, searching for burrows that rats use for
shelter. If inspectors nd rat burrows, they treat the burrows with
rodenticide and close the burrows with dirt. Not all requests for
rodent abatement lead inspectors to rat burrows. Less than half
(46%) of inspections from August 2015 to August 2017 resulted in
rodent control nding rat burrows.
While the 311 system provides rich crowd-sourced data about
rodent activity, it is not necessarily an accurate or complete picture
of where rodents are in the city. Even when residents witness
rodent activity, they may not notify 311. Residents may not know
about the city’s rodent abatement services, the opportunity cost
1Details of rodent control’s workow are based on conversations with the program
sta and a ride-along with city pest controllers.
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Figure 1: Number of 311 requests for rodent abatement by
month from Oct. 2014 to Sep. 2017. Requests more than
doubled from FY2015 to FY2017.
Figure 2: Requests for rodent abatement in the District of
Columbia from FY15 through FY17.
of contacting 311 may be too high, or they may not believe 311
is an eective way to address the issue. Research has shown that
a person’s propensity to use 311 at all varies with demographic
characteristics that could lead already vulnerable populations to
remain underserved [15, 16]. In Washington, D. C., requests for
rodent abatement vary geographically (Figure 2). Requests are most
common in the city’s densely-populated inner wards, like Ward
1 and Ward 2, and least common in its less dense outer wards,
including Wards 3, 7, and 8.
In order to identify locations where rat infestations may go
unreported, we developed a predictive model to extrapolate from
incoming 311 data to the environmental factors that contribute
to rodent infestations. Our goal was to identify locations in the
city where rodent infestations are likely, so that they can be abated
regardless of whether or not a 311 request is received. By addressing
rodent infestations that go unreported, we hoped to contain and
reduce the citywide rodent population and improve the health and
safety of District residents.
3 FIELD ASSESSMENT FRAMEWORK
Because we rely on administrative data from D.C.’s 311 system, we
were concerned that dierences in people’s propensity to utilize
311 may bias our model. To ensure that our model performed well
in the eld, we developed a framework for assessing it.
First, we selected a number N of locations to inspect based on
the model’s predictions. We selected N = 100, because this was
the number of additional inspections the rodent control team said
they could add to their workload.2 We then selected a range of the
distribution of predicted probabilities to test. It was important to
have a wide enough range to allow for variation in outcomes across
the model’s predictions. However, we also wanted to minimize
the number of inspections where rodent control did not nd rat
burrows. For these reasons, we chose to draw our sample from a
range of predicted probabilities from 0.5 to 0.9.3
We compared the outcomes of the eld asessment to predicted
probabilities by mapping them on decile plots, where the x-axis
represents the decile of the predicted probabilities and the y-axis
represents the percentage of locations in that decile where rat
infestations were found. We compared this to a similar mapping of
the outcomes of new 311 requests for rodent abatement made over
the same period.
4 MODEL DEVELOPMENT
Past models have predicted 311 requests for rodent abatement, rely-
ing primarily on features derived from the history of 311 requests
in an area [19]. Such an approach risks doubling down on people’s
uneven propensity to request city services through 311. Instead of
predicting the locations of 311 requests, we predict whether or not
rat burrows will be found when responding to 311. Rather than
use features based on 311 history to predict whether rat burrows
will be found, we draw from research in urban rodentology and
conversations with the city’s rodent control team to develop fea-
tures based on the environmental factors that contribute to rodent
infestations. It was our hope that this approach to modeling rodent
2e rodent control team commied four code enforcement inspectors to complete
the eld assessment. Code enforcement inspectors are trained to inspect for rodent
activity. However, unlike the inspectors who respond to 311 requests, they are not
certied pest controllers. Over the course of the eld assessment, rodent control
received 311 requests for 25 of the 100 locations selected for the eld assessment. Both
code enforcement inspectors and certied pest controllers inspected these locations
separately. Pest controllers found rat burrows at 16 of the locations, code enforcement
found burrows at 14, and the two teams founds burrows at 11 locations in common.
3We used a Bayesian test to see if Pr(p1 < p2) > 0.95 where the priors on p1 and
p2 are both Unif[0, 1] = Beta(1, 1). Given these priors, if we see s successes and
N − s failures in our data X1 , then the posterior p1 |X1 ∼ Beta(s + 1, N − s + 1).
To test if we had enough power, we modeled p true1i ∼ Unif[0.5, 0.6] and p true2j ∼
Unif[0.8, 0.9] for i, j ∈ [1..N ] and wrote Xk = ∑i Bern(pki ). We then computed
EX1,X2 [Pr(p1 |X1 < p2 |X2) > 0.95]. is value was approximately 0.78 for N = 25.
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infestations would avoid biasing our results towards areas of the
city where more city services are requested.
4.1 Outcome
Our model predicts the likelihood that inspectors will nd rat bur-
rows responding to a 311 request for rodent abatement on a Census
block over three months.4 We identied the outcomes of inspec-
tions by using keywords and phrases to recode inspectors’ service
notes. If an inspector said they found rat burrows on an inspection,
then the inspection was assigned 1, otherwise it was 0. Aer cod-
ing the outcomes of inspections, we aggregated the results to the
Census block. If a rat burrow was found responding to at least one
311 request over three months, the block was assigned 1, otherwise
0.
We chose Census blocks as our unit of analysis because rats have
very limited home ranges, and tend not to cross natural or human-
made barriers, such as rivers or roads [20]. Research has found that
even blocks with large infestations may have neighboring blocks
with no evidence of rat activity [10]. Since Census blocks tend to
correspond to these same natural and human-made barriers, they
are a convenient unit of analysis. Census blocks also correspond
to the area that rodent control inspects when they respond to 311
requests.
Restricting our model to predicting the outcomes of 311 requests
yields a more balanced sample than predicting the locations of 311
requests, more generally. Requests for rodent abatement only come
from about 3% of the city’s Census blocks each month, and less
than 30% of Census blocks from August 2015 to August 2017, the
data we use to train the model. In contrast, rodent control nds rat
burrows at about 46% of Census blocks where requests are made.
4.2 Feature Selection
We intentionally exclude features derived from 311 requests to
avoid biasing our model towards locations where residents may
have a higher propensity to request city services. Instead, we limit
our features to aspects of the urban environment that contribute to
rodent infestation but are unlikely to be correlated with residents’
propensity to use 311.5 Our decisions about what data to include
in the model were guided by research on urban rodentology and
conversations with experts, including the city’s rodent control
team.6
Like all mammals, rats prefer environments based on the avail-
ability of food, water, and shelter [5]. Poorly-secured food waste
is among the most common sources of food for urban rats [18, 21].
Denser human populations, the number of residential buildings, and
the number of units per building all contribute to trash production
and thereby food sources for rodents [11]. A mix of residential and
commercial zoning can also contribute to rat infestations by increas-
ing trash production, especially when there are nearby restaurants
and other food vendors [9].
4We tested whether the model performed beer predicting outcomes over 1, 3, or
6 months during cross-validation. We found that the model always performs beer
predicting outcomes over 3 months.
5All features were aggregated to the Census block. For a full list of features, see the
model code.
6We also consulted extensively with Robert Corrigan, a noted expert on urban
rodentology.
Table 1: Best Performing Model by Model Type
Model Mean Min Max Mean
Type P@N P@N P@N ROC-AUC
Logistic 0.56 0.50 0.64 0.60
Regression
Gradient 0.68 0.61 0.72 0.67
Boosting
Random 0.75 0.68 0.82 0.70
Forests
Figure 3: Decile plots from the last four months of the cross-
validation show that the model is well-calibrated to the out-
comes of 311 requests. In each subplot, the x-axis represents
decile bins of the predicted probabilities for each location.
e y-axis represents the percentage of locations where rat
burrows were found. e red line represents the percentage
of inspections in each decile bin that rat burrowswere found.
A perfect relationship between the two axes is represented
by the dotted black line. If the model was well-calibrated to
the predicted probabilities, wewould expect the red line and
dotted line to coincide.
Norwegian rats, which are the most common in North American
cities, like D.C., burrow underground for shelter. Areas with so
earth or deteriorating infrastructure create opportunities for shelter
[3, 11], so we included features measuring impervious surface area
and alleyway conditions. Older buildings in poor condition also
contribute to rat harborage [11], so we included data on building
age and condition. Rats will take shelter in sewers, so we included
data on the locations of sewer grates. We also included data about
the locations of parks and community gardens where rats may nd
both food and shelter.
A wide range of other factors are believed to contribute to rodent
infestations. One factor that is commonly cited is construction. We
included the locations of recent construction permits in the model.
We also included dummies for month and year in order to capture
KDD 2018, August 2018, London, England P. Casey, et al.
potential seasonal eects. While there is clear seasonal variation
in the number of 311 requests for rodent abatement (see Figure 1),
research in other cities suggests that rodent populations do not
vary signicantly seasonally [3, 10].
4.3 Model Selection
We selected our model type and tuned hyperparameters using tem-
poral cross-validation. Our models were trained with data from
August 2015 to August 2017. For each month from August 2016 to
August 2017, we trained a model on data from all prior months and
tested against the outcomes of inspections over the following three
months. We used precision at N (P@N) to evaluate the models,
where N = 100. We chose P@N to t the goal of our model: to max-
imize the probability that rodent control would nd rat infestations
at the model’s top N targets each month. We chose N = 100 to t
the rodent control team’s capacity for additional inspections each
month.
We chose temporal cross-validation for three reasons. First, it
replicates our goal of predicting the location of rat infestations
in the coming months. Second, we wanted our model to perform
well year-round, not only in seasons when requests for rodent
abatement are high. ird, since we are always trying to predict the
outcomes of inspections on the same set of Census blocks, and the
environmental factors in our model features do not change rapidly,
autocorrelation is not a particular concern.7
We tested random forest, gradient boosting, and logistic regres-
sion models. We found that a random forest classier performed
best (see Table 1). On average, inspectors found rat burrows at about
74 of the 100 locations identied as most likely to have rat infesta-
tions by our chosen model, a more than 60% improvement over the
baseline. e model is also well-calibrated. Figure 3 presents decile
plots from the last four months of the temporal cross-validation.
In each case, the percentage of locations where rat burrows were
found ts closely to the predicted probabilities generated from the
model.
5 RESULTS
Aer model selection, we trained the best-performing model on
all Census blocks with a 311 request between August 2015 and
September 2017 and generated predictions for every Census block
for the following three months from October to December. We then
selected 100 locations for inspection following the eld assessment
framework outlined above. From October 10 to November 20, 2017,
rodent control completed all 100 inspections and collected data on
whether or not they found rat burrows via an online form. We
compared the outcomes of these 100 inspections to the model’s
predictions to assess the its performance. We also compared our
model’s predictions to the outcomes of 311 requests for rodent
abatement over the same period.
5.1 Field Assessment
Figure 4 is a decile plot comparing the outcomes of the 100 inspec-
tions in our eld assessment to the predicted probabilities generated
7Most of our features are elements of the urban environment that change fairly slowly
or not at all. We include proxies for seasons, but the percentage of inspections where
rat burrows are found does not vary much seasonally.
Figure 4: Decile plot comparing predicted probabilities to
eld assessment outcomes. See Figure 3. e red line does
not coincide with the dotted line, showing that the model is
poorly-calibrated to the outcomes of the eld assessment.
Figure 5: Decile plot comparing predicted probabilities to
311 request outcomes from Oct. 10 to Nov. 20, 2017. See
Figure 3. e red line ts closely to the dotted line, showing
that the model is well-calibrated to new 311 requests.
by the model.8 e model’s predictions do not t the outcomes
of our eld assessment.9 e percentage of locations where rat
burrows were found varies lile across the decile bins. Inspectors
found rat burrows at 48% of the locations inspected in the eld
assessment, ranging from 48% in decile (0.5, 0.6] to 46% in decile
(0.8, 0.9].
5.2 Validation against New 311 Requests
Figure 5 is a decile plot comparing the model’s predictions to the
outcomes of 311 requests during the eld assessment from October
10 to November 20, 2017. e model was fairly accurate, with AUC
at 0.71, and well-calibrated. Pest controllers responding to 311
requests were more likely to nd rat burrows in locations with
8Running the model 100 times with dierent random seeds, showed that predicted
probabilities were nearly perfectly correlated.
9We also not that the AUC was 0.5, which means it was no beer than random on the
subset of locations inspected. However, because we restricted our eld assessment to
locations with a high probability of nding rat burrows, we do not believe that AUC is
a useful metric.
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Figure 6: Distribution of errors by ward in D.C. Errors on the x-axis are the dierence between the outcome and the predicted
probability for each block in the ward. e y-axis is the number of blocks with an error in that range. Errors are positive where
rat burrows were found and negative where rat burrows were not found. Errors below -0.5 indicate False Positives, where as
errors above 0.5 indicate False negatives (red). Errors between -0.5 and 0.0 indicated True Negatives, while errors between 0.0
and 0.5 indicated True Positives (blue).
higher predicted probabilities. Rat burrows were found in 56% of
locations in decile (0.5, 0.6] and 74% of locations in decile (0.8, 0.9].
Figure 6 shows the distribution of model errors by ward in D.C.
when compared to the outcomes of 311 requests from October 10 to
November 20. e skew of the errors varies by ward, indicating that
errors vary geographically. Wards 1 and 2 are densely-populated
and located in the downtown center of the city. In both these
wards, errors tend to be le-skewed, indicating that the model
under-estimated the probability of nding rat burrows in those
areas, even though the predicted probabilities in those areas were
relatively high. In contrast, errors are right-skewed in Wards 7
and 8, southeast of the Anacostia River, where it is less common
to receive reports of rats or nd rat burrows. However, when the
model is incorrect (i.e., returns a false positive or false negative),
errors tend to be slightly le-skewed in those wards. In other
words, while the model correctly predicts that rat infestations are
uncommon in Wards 7 and 8, where the model is wrong it tends to
under-predict the likelihood of nding rat burrows.
6 DISCUSSION
Our results highlight the importance of eld testing predictive mod-
els. Our model is accurate and well-calibrated when compared to
new 311 requests, but the model does not perform well predicting
the outcomes of our eld assessment. is illustrates the pitfalls
of relying on administrative data to both train and validate pre-
dictive models. If the data is biased by the process that generates
it, then models trained on that data may not be useful in the eld.
When applied to government actions, biased models can lead to
inequitable service delivery.
We presented a eld assessment framework to help address the
problems introduced by training models on biased administrative
data. To date, there has been lile work done to develop similar
methods for validating models in the eld. We encourage more data
scientists to test their models using eld assessments, and hope
that our methods can serve as a model for such validations.
ACKNOWLEDGMENTS
e authors would like to thank Mayor Muriel Bowser and her
administration, especially City Administrator Rashad Young, Direc-
tor Jennifer Reed, Director Laandra Nesbi, and interim Chief
Technology Ocer Barney Kruco. Also special thanks to Gerard
Brown, Sharon Lewis, and the Rodent and Vector Control Division
at the District of Columbia’s Department of Health for their hard
work and expertise, without which this project would not have
been possible. anks also to Michael Bentivegna, Sam inney,
Jennifer Doleac, Ryan Moore, Katherine Gan, the Data Team at the
Oce of the Chief Technology Ocer, and e Lab @ DC for their
feedback and contributions to the development of this study. Fi-
nally, thanks to Robert Corrigan and Donald Green for their expert
advice on this project.
REFERENCES
[1] Joy Buolamwini and Timnit Gebru. 2018. Gender shades: Intersectional accuracy
disparities in commercial gender classication. Proceedings of Machine Learning
Research 81 (2018), 1–15.
[2] Alexandra Chouldechova. 2016. Fair prediction with disparate impact: A study
of bias in recidivism prediction instruments. (2016). arXiv:1610.07524.
[3] Eduardo de Masi, Pedro Vilac¸a, and Maria Tereza Pepe Razzolini. 2009. Environ-
mental conditions and rodent infestation in Campo Limpo district, Sao Paulo
KDD 2018, August 2018, London, England P. Casey, et al.
municipality, Brazil. International Journal of Environmental Health Research 19, 1
(2009), 1–16.
[4] Dominica News Online. 2015. Warning in light of suspected cases of Leptospirosis.
(2015).
[5] Alice Y.T. Feng and Chelsea G Himsworth. 2014. e secret life of the city rat: a
review of the ecology of urban Norway and black rats (Raus norvegicus and
Raus raus). Urban Ecosystems 17, 1 (2014), 149–162.
[6] Cadhla Firth, Meera Bhat, Mahew A. Firth, Simon H. Williams, Mahew J. Frye,
Peter Simmonds, Juliee M. Conte, James Ng, Joel Garcia, Nishit P. Bhuva, et al.
2014. Detection of zoonotic pathogens and characterization of novel viruses
carried by commensal Raus norvegicus in New York City. MBio 5, 5 (2014).
[7] Clare Garvie, Alvaro Bedoya, and Jonathan Frankle. 2016. e perpetual line-up.
Georgetown Law Center on Privacy & Technology (2016).
[8] Moritz Hardt, Eric Price, and Nathan Srebro. 2016. Equality of Opportunity in
Supervised Learning. (2016). arXiv:1610.02413.
[9] Chelsea Himsworth, Alice Feng, Kirbee Parsons, omas Kerr, and David Patrick.
2012. Using experiential knowledge to understand urban rat ecology: A survey
of Canadian pest control professionals. Urban Ecosystems 16 (2012).
[10] Chelsea Himsworth, Claire Jardine, Kirbee Parsons, Alice Feng, and David Patrick.
2014. e characteristics of wild rat (Raus spp.) populations from an inner-
city neighborhood with a focus on factors critical to the understanding of rat-
associated zoonoses. PLOS One 9 (2014).
[11] Chelsea Himsworth, Kirbee Parsons, Alice Feng, omas Kerr, Claire Jardine, and
David Patrick. 2014. A mixed methods approach to exploring the relationship
between Norway rat (Raus norvegicus) abundance and features of the urban
environment in an inner-city neighborhood of Vancouver, Canada. PlOS One 9
(2014).
[12] David Jackson and Gary Marx. 2016. Data mining program designed to predict
child abuse proves unreliable, DCFS says. Chicago Tribune (2016).
[13] Jon M. Kleinberg, Sendhil Mullainathan, and Manish Raghavan. 2016. Inherent
Trade-Os in the Fair Determination of Risk Scores. (2016). arXiv:1609.05807.
[14] Je Larson, Mau Surya, Lauren Kirchner, and Julia Angwin. 2017. How we
analyzed the COMPAS recidivism algorithm. ProPublica (2017).
[15] Amy E. Lerman and Vesla Weaver. 2014. Staying out of sight? Concentrated
policing and local political action. eAnnals of the American Academy of Political
and Social Science 651, 1 (2014), 202–219.
[16] Jeremy R. Levine and Carl Gershenson. 2014. From political to material inequality:
Race, immigration, and requests for public goods. Sociological Forum 29, 3 (2014),
607–627.
[17] Michael Nedelman. 2017. Suspected leptospirosis cases increasing in Puerto Rico
aer Hurricane Maria. CNN (2017).
[18] Prasarhong Promkerd, Yuvaluk Khoprasert, Phongthep Virathavone, Manivone
oummabouth, Ouane Sirisak, and omas Jaekel. 2008. Factors explaining
the abundance of rodents in the city of Luang Prabang, Lao PDR, as revealed by
eld and household surveys. Integrative Zoology 3, 1 (2008), 11–20.
[19] Sean ornton. 2013. Using predictive analytics to combat rodents in Chicago.
Data-Smart City Solutions (2013).
[20] Doris Traweger and Leopold Sloa-Bachmayr. 2005. Introducing GIS-modelling
into the management of a brown rat (Raus norvegicus Berk.) (Mamm. Rodentia
Muridae) population in an urban habitat. Journal of Pest Science 78, 1 (2005),
17–24.
[21] Doris Traweger, Rita Travnitzky, Cornelia Moser, Christian Walzer, and Guenther
Bernatzky. 2006. Habitat preferences and distribution of the brown rat (Raus
norvegicus Berk.) in the city of Salzburg, Austria: Implications for an urban rat
management. Journal of Pest Science 79, 3 (2006), 113–125.
